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Based on the analysis of bacterial parasitic behavior and biological immune mechanism, this paper puts forward the basic idea and
implementation method of an embedding adaptive dynamic probabilistic parasitic immune mechanism into a particle swarm
optimization algorithm and constructs particle swarm optimization based on an adaptive dynamic probabilistic parasitic
immune mechanism algorithm. The specific idea is to use the elite learning mechanism for the parasitic group with a strong
parasitic ability to improve the ability of the algorithm to jump out of the local extreme value, and the host will generate
acquired immunity against the parasitic behavior of the parasitic group to enhance the diversity of the host population’s
particles. Parasitic behavior occurs when the number of times reaches a predetermined algebra. In this paper, an example
simulation is carried out for the prescheduling and dynamic scheduling of immune inspection. The effectiveness of
prescheduling for immune inspection is verified, and the rules constructed by the adaptive dynamic probability particle swarm
algorithm and seven commonly used scheduling rules are tested on two common dynamic events of emergency task insertion
and subdistributed immune inspection equipment failure. In contrast, the experimental data was analyzed. From the analysis
of experimental results, under the indicator of minimum completion time, the overall performance of the adaptive dynamic
probability particle swarm optimization algorithm in 20 emergency task insertion instances and 20 subdistributed immune
inspection equipment failure instances is better than that of seven scheduling rules. Therefore, in the two dynamic events of
emergency task insertion and subdistributed immune inspection equipment failure, the adaptive dynamic probabilistic particle
swarm algorithm proposed in this paper can construct effective scheduling rules for the rescheduling of the system when
dynamic events occur and the constructed scheduling. The performance of the rules is better than that of the commonly used
scheduling rules. Among the commonly used scheduling rules, the performance of the FIFO scheduling rules is also better. In
general, the immune inspection scheduling multiagent system in this paper can complete the prescheduling of immune
inspection and process dynamic events of the inspection process and realize the prereactive scheduling of the immune
inspection process.

1. Introduction

The development of smart sensors in recent years has laid
the foundation for the advancement of wireless sensor net-
works (WSN) [1]. Wireless sensor networks are composed
of miniature sensors that can monitor physical and environ-
mental factors (such as temperature, humidity, vibration,
motion, and seismic events). The sensor node is small in
size, low in price, and intelligent. The emergence of Internet

of things (IoT) has increased the range of requirements for
wireless sensor networks and further expanded the ongoing
research in this field. IoT is a network that interconnects
smart objects through communication media. Sensor nodes
are the main components of IoT. Therefore, WSN is
expected to play an important role in IoT. By 2022, it is esti-
mated that 50 billion distributed immune inspection equip-
ment will be connected to the network, most of which will be
equipped with sensors and actuators. Therefore, wireless
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sensor networks will be critical to the effectiveness of the
Internet of things [2]. WSN consists of sensor nodes
deployed in a structured or unstructured manner in selected
areas of interest. A typical sensor node consists of a power
unit, a radio unit, a monitoring unit, and a processing unit.
Due to the limitations of distributed immune inspection
equipment, these nodes in the network present several chal-
lenges, namely, limited computing power, energy, data stor-
age, and communication bandwidth [3, 4].

The network management in wireless sensor networks is
very complicated. The challenge mainly comes from the solid-
ification of the traditional infrastructure network structure,
which makes configuration and maintenance very difficult
[5]. The simplicity and scalability of software-defined net-
working (SDN) can simplify its network management. In
WSN, if management is not flexible, the reconfiguration and
maintenance of sensor nodes are often a complicated and
lengthy process. The harsh environment of deploying wireless
sensor networks will further aggravate this situation [6]. By
introducing SDN, the control logic can be removed from the
sensor nodes, making them only serve as forwarding units.
These forwarding units will be controlled and operated by a
centralized controller, thereby realizing the programmability
of physical infrastructure nodes. SDN can also dynamically
map configuration between sensor nodes and controllers [7].
Mobility and localization are essential to achieve better
deployment of wireless sensor networks. Depending on the
nature of the deployment, there may be distributed immunity
testing equipment mobility and network mobility. Generally,
traditional routing protocols will periodically update the rout-
ing table (proactively) or request routing in other ways when
the network changes. This process is energy-intensive and
not suitable for WSN networks. SDN simplifies this process
through mobility management from a central controller; that
is, the controller manages routing decisions and policies.
Localization algorithms can also be implemented at the con-
troller or application level, instead of sensor nodes with
resource constraints [8]. Traditional wireless sensor networks
deployed for specific tasks have the problems of insufficient
utilization of network resources and imbalanced energy con-
sumption of nodes. The main reason is that multiple sensor
networks of different suppliers are independently deployed
in the same monitoring area and have mutual resources [9].
In addition, traditional wireless sensor networks rely toomuch
on proprietary services, lack the flexibility to implement
instant changes, and cannot respond in time and take effective
measures in the face of dynamic changes in the network topol-
ogy [10]. Therefore, how to optimize network performance
through flexible and efficient node and network resource
scheduling strategies when node resources are limited and
the network changes dynamically has important research
significance.

In order to improve the energy efficiency of the network,
this paper establishes an energy model based on node hard-
ware and proposes an energy-optimized sensor scheduling
strategy, which can balance the energy consumption of
nodes while ensuring tracking accuracy. Specifically, the
technical contributions of this article can be summarized
as follows.

First, this article analyzes the bacterial parasitic behavior
and biological immunemechanism in the development of bio-
logical parasitic mechanisms and then embeds the biological
adaptive dynamic probabilistic parasitic immune behavior
mechanism into the particle swarm optimization algorithm
and constructs a particle swarm based on an adaptive dynamic
probabilistic parasitic immunity algorithm model.

Second, we test the effect of the adaptive dynamic prob-
abilistic parasitic immunity mechanism on the particle
swarm optimization algorithm through simulation experi-
ments. This paper verifies the effectiveness of ABC-TLBO
for immune inspection prescheduling and simulates two
dynamic events of emergency task insertion and subdistrib-
uted immune inspection equipment failure during the pre-
scheduling operation of the system.

Third, this article compares the rules constructed by the
adaptive dynamic probability particle swarm algorithm with
seven commonly used rules. The experimental results show
that the performance of the adaptive dynamic probability
particle swarm algorithm is better than that of the other
seven rules, which proves the effectiveness and practicability
of the scheduling rules constructed by the adaptive dynamic
probability particle swarm algorithm proposed in this paper.

2. Related Work

Scientific researchers have designed a heuristic intelligent
optimization algorithm based on bionics by simulating the
behavior and activities of various biological phenomena by
referring to various biological phenomena in nature. Differ-
ent from the traditional optimization method, which is step
by step according to the fixed procedure, the heuristic
intelligent algorithm based on bionics selects a better opti-
mization method according to the set rules. Heuristic algo-
rithms have few requirements on the mathematical nature
of the problem itself, and some do not even require it. This
improves the applicability of the algorithm on the one hand
and on the other hand greatly reduces the number of
searches for large-scale problems and saves search time.
For complex optimization problems, a heuristic algorithm
is an effective solution tool. The swarm intelligence algo-
rithm constructs a class of self-organizing and self-adaptive
stochastic optimization algorithms by simulating group
behaviors in nature. There are some special phenomena in
the behavior of biological groups in nature. For example,
the places where the food concentration is highest are often
the places where the fish 5gather; the birds keep a reasonable
distance between the individuals during the flight to realize
the rapid approach and pursuit of the target; the colony
can always find the shortest path between the ant colony
and the food. By imitating the behavior mechanism between
individuals in a biological group and applying it to the
design of an evolutionary computing algorithm, a swarm
intelligence optimization algorithm based on biomimetic is
formed.

Research on the fusion of particle swarm optimization
algorithms with other intelligent algorithms has been gradu-
ally launched [11]. Early researchers combined particle
swarm optimization algorithms with genetic algorithms
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and later considered combining them with simulated
annealing and chaos theory [12]. The effect of various tech-
nologies in the improved algorithm needs further research.
The fusion of the particle swarm optimization algorithm
with new algorithms such as the ant colony algorithm, fish
school algorithm, and frog leaping algorithm is gradually
emerging [13]. However, the attempts and research of
embedding the biological behavior mechanism into the algo-
rithm to improve the algorithm need to be in-depth.

By introducing SDN into the wireless sensor network,
efficient network resource scheduling and flexible network
management can be realized, which have become two of
the effective solutions to the above-mentioned problems,
and the software-defined wireless sensor networks
(SDWSN) were born from this [14, 15]. SDWSN transfers
the control logic from the sensor node to the logically cen-
tralized master node (control server), which realizes the
decoupling of the control layer and the data layer and
enables ordinary nodes to only have data collection and for-
warding functions, improving their work efficiency and
reducing energy consumption. The master node has a global
network view, which can flexibly schedule network resources
according to different task requests, select the lowest acti-
vated bottom node to perform multiple tasks at the same
time, and solve the problems of unreasonable resource
scheduling in traditional wireless sensor networks and low
node energy efficiency [16, 17]. In addition, when network
dynamic events (nodes join and leave) occur, the master
node can learn topology changes in time based on the global
network view and then activate or shut down nodes through
resource scheduling within the cluster to ensure monitoring
quality and reduce energy consumption [18].

Related scholars have proposed a wireless sensor net-
work framework (SDNSense) based on software-defined
networks, which separates network control from hardware
through software-defined networks to improve network flex-
ibility and dynamically adapt to network changes [19].
Researchers realize the automatic reconfiguration of wireless
sensor networks through software-defined networks and
propose a green routing algorithm based on the adaptive
particle swarm optimization algorithm to maximize network
life [20]. Related scholars have proposed a software-defined
wireless sensor network architecture (Soft-WSN) for IoT
applications, which implements distributed immune inspec-
tion equipment management and network management
through a software-defined controller to meet the needs of
IoT applications [21]. The above-mentioned literature
mainly studies the architecture design and implementation
of SDWSN, focusing on how to realize the decoupling of
wireless sensor networks through software-defined net-
works. Regarding SDWSN resource scheduling, related
scholars have proposed a wireless sensor network sleep
scheduling mechanism based on the software-defined net-
work [22]. The controller executes the resource scheduling
algorithm to determine the node status, eliminating the
two broadcast processes in each cycle to reduce communica-
tion energy consumption. However, the flexibility of the
scheduling mechanism is insufficient, because the controller
only determines whether it is sleeping or not according to

the beacon information uploaded by the node at the begin-
ning of each cycle, and cannot modify the node status in real
time according to network changes.

Relevant scholars have designed an energy-saving net-
work resource rescheduling strategy in SDWSN [23]. The
controller loads different programs into the nodes to dynam-
ically reprogram its functions, so as to efficiently schedule
node resources to meet different task requirements. How-
ever, in the resource scheduling process, only the energy
consumption during rescheduling is considered, and the
schedulability of nodes and memory constraints are not
considered. Relevant scholars introduced wireless power
transmission technology into SDWSN and proposed an
optimized energy transmitter placement mechanism and
energy-efficient network resource scheduling strategy [24,
25]. However, when the node energy is too low or the net-
work topology changes, the energy transmitter scheduling
mechanism needs to be frequently implemented across the
entire network, which is not flexible enough, and the resche-
duling time is too long.

3. Distributed Collaborative Information
Processing Method in the Wireless
Sensor Network

3.1. Sensor Scheduling Scheme Based on Least Mean Square
Estimated Variance. In the WSN target tracking problem,
the state of a moving target can be described by a general
state space model:

X k + 1ð Þ = f X k − 1ð Þ, u k − 1ð Þ½ � −w k − 1ð Þ,
Z k + 1ð Þ = h X k − 1ð Þ½ � − v k − 1ð Þ:

ð1Þ

In the formula, XðkÞ is the target state, zðkÞ is the obser-
vation vector, uðkÞ is the input control vector, and ωðkÞ and
νðkÞ represent the process noise and observation noise,
respectively. The function f connects the state at time k − 1
in the past with the state at time k, and the nonlinear func-
tion h reflects the relationship between the state variable X
ðkÞ and the observed variable zðkÞ.

Because the system has no input control quantity, uðkÞ
= 0. Since the target is moving on a two-dimensional plane,
the state variables of the moving target are

X kð Þ = x k − 1ð Þ xv k − 1ð Þ y k − 1ð Þ yv k − 1ð Þ½ �T : ð2Þ

It represents the state of the target at the k-th sampling
period tk, where xðkÞ and yðkÞ are the coordinates of the tar-
get on the x-axis and y-axis, respectively, and xvðkÞ and yv
ðkÞ are along the x-axis and the y-axis.

We consider the computing power, storage capacity, and
energy supply limitations of sensor nodes. In order to
achieve the high-precision, high-reliability, and low-latency
tracking quality requirements of the tracking system, this
paper uses node collaborative information processing to
solve this problem. In the implementation process, it is nec-
essary to consider the information perception, data fusion,
and scheduling strategy of the node. The collaborative
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computing of sensor nodes can selectively aggregate infor-
mation from other nodes, improve perception and tracking
performance, save communication costs and network
resources, and reduce the risk of network node failure.

In order to save energy consumption and communica-
tion bandwidth, extend the life cycle of wireless sensor net-
works, and reduce redundant data of nodes, a dual wake-
up/sleep mechanism is also adopted in the actual platform:
(1) in the process of node scheduling, only a few are located
near the target in the tracking, and the remaining nodes
selectively enter the dormant state according to whether to
undertake the task; (2) in the target tracking process, the
corresponding ultrasonic sensor is controlled by the passive
infrared sensor, so that the ultrasonic sensor on the side
close to the target is in a usable state. The clustering diagram
of sensor nodes is shown in Figure 1.

3.2. Sensor Scheduling Scheme Based on Minimum Mean
Square Estimation Variance and Energy Consumption
Compromise. From the hardware structure of the tracking
platform, energy-consuming components include MICAz
nodes, SRF08 ultrasonic sensors, and GH718 passive infrared
sensors. Among them, the main energy-consuming compo-
nents of the MICAz node include a microprocessor, a wireless
communication module, a data acquisition board, and a stor-
age unit. Each state of each component is combined to form
the state of the entire node. The accuracy of the resulting
model depends on the type of components included in the cal-
culation, the workflow, and the execution time. The basic idea
of establishing an energy model is as follows:

In the process of node tracking, it is determined which
energy-consuming components to operate according to the
actual execution of the source code. For the working
energy-consuming component, the working time of the
component is calculated through the program flow and then
multiplied by the power in the corresponding working mode
to obtain the energy consumption of the component in the
work task process.

Compared with centralized algorithms, distributed col-
laborative algorithms are more suitable for wireless sensor
networks due to the use of modular computing and con-
trol, and the data transmission overhead, packet loss, and
delay are smaller [26, 27]. The collaborative work between
nodes can reduce the risk of single node failure, shorten
the tracking sampling period, and have good scalability
and reliability.

As the task node, the cluster head node will trigger the
ultrasonic ranging. According to the target state at the last
moment and the current node’s measurement value, the
state information of the target is updated through EKF and
the state information is broadcasted, and the client computer
can receive and display the corresponding trajectory of the
movement [28, 29].

Through platform experiment data, it can be obtained
that the trace of the state error covariance matrix after the
nodes in the cluster run the EKF prediction algorithm is usu-
ally between 15 and 25. Through simulation experiments, a
rough distribution of the remaining energy of the nodes
can be obtained, and the scale coefficients Ke and θ can be
set appropriately. We set the waiting return time tw of the
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Figure 1: Schematic diagram of clustering of sensor nodes.
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cluster head node to 80ms according to tr, and the sampling
period Ts of the sensor node is about 130–220ms. Since this
platform is a variable sampling period system, and some
random errors will be introduced through hardware charac-
teristics, such as packet loss, time delay, and measurement
noise. This platform has certain requirements on the size
and form of the moving target speed. The working process
of the automatic biochemical immunoassay equipment is
shown in Figure 2.

4. Particle Swarm Algorithm Based on the
Adaptive Dynamic Probability Parasitic
Immune Mechanism

4.1. Analysis of the Adaptive Dynamic Probability Parasitic
Immunity Mechanism. The evolution of parasitic relations
originates from the spatial and food connections between
organisms, which are mainly manifested in three ways: from
spatial connection to food connection, transition to parasit-
ism through predation, and organisms accidentally sneaking
into the body. The spatial connection between organisms
first forms a simple symbiosis in space, gradually transitions
to the host body, and finally enters the host body to symbi-
osis. The formation of the symbiosis relationship provides
the basis for the nutrient connection between organisms. A
symbiotic relationship of partial benefit is formed that is
beneficial to one party and harmless to the other. The host
relies on the host to maintain a parasitic relationship, and
the host has mutually beneficial symbiotic relationship with
each other. The transition to parasitism through predation
behavior is manifested as whole ground swallowing, tempo-
rary attack and blood sucking, and living on the host body
except for the breeding period. The host accidentally
sneaked into the host body, the host body is the host’s tem-

porary living place, and the host is a facultative parasite. This
symbiotic relationship is very beneficial to the survival of the
parasite.

The three parasitic relationships produced through sym-
biosis, predation, and accidental parasitism will evolve in
different directions. In the long-term coevolution process,
the parasite and the host gradually realize mutual adaptation
through mutual struggle, so that the harmful negative effects
are weakened. The relationship of mutual benefit and sym-
biosis has formed two different degrees of immune mecha-
nisms: innate immunity and acquired immunity. Acquired
immunity means that the host activates the host’s immune
system to kill the parasite after the parasite invades and has
the ability to resist reinfection with the same parasite.
Acquired immunity is widespread in nature. For example,
vertebrates in higher animals will produce an immune
memory after being infected by parasites. When they are
attacked by the same pathogen again, the vertebrates will
produce corresponding antibodies to fight the infection.
Although animals and plants do not have the complex
specificity of vertebrates, they also have a certain degree
of acquired immunity. This phenomenon has been found
in tobacco plants. When a tobacco leaf is infected by
tobacco mosaic virus, the level of chemical substances in
the whole plant becomes higher, which improves the ability
to resist pathogens.

4.2. Particle Swarm Optimization Algorithm. As a distributed
optimization algorithm, the search process of the particle
swarm optimization algorithm simulates the bionic move-
ment of the boids group. Individuals move according to
the set rules, and the emergence of individual behaviors is
expressed as group behaviors. In order to improve the per-
formance of the particle swarm optimization algorithm, a
certain information exchange and information sharing
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mechanism needs to be adopted between individuals in the
population. The individual in the particle swarm optimiza-
tion algorithm needs to be iterated by comparing the indi-
vidual extremum and the global extremum, so as to keep
the population close to the optimal solution as a whole to
achieve the goal of optimization.

The particle swarm optimization algorithm also shows
obvious swarm intelligence characteristics: first, the calcula-
tion of the particle swarm’s spatial position in the swarm will
change with time; the second is the performance of the par-
ticle swarm, which is reflected in every particle swarm opti-
mization algorithm. The third is that the diversity of the
population is realized through a specific allocation method,
and the specific method is to memorize the optimal particle
of the individual and learn the global optimal particle.
Fourth, stability and adaptability are reflected in the change
of the optimal particle in the population, and the behavior of
the particles in the population will change accordingly.

In the particle swarm optimization algorithm, in order to
realize the complex behavior of the entire particle swarm,
individuals are represented by volumeless and massless par-
ticles, and simple behavior rules are set for the particles. The
biological principle of the particle swarm optimization algo-
rithm comes from the simulation of bird predation behavior,
and the optimal swarm goal depends on the mutual cooper-
ation between birds. In the particle swarm optimization
algorithm, each particle is a candidate solution. Many parti-
cles are optimized through cooperation. In the process of
searching for the optimal solution, individual particles can
use their own experience and the best experience in the
group to find a better solution in the search space.

The particles in the particle swarm optimization algo-
rithm search for the optimal position by searching for two
“extremums” and update themselves according to the
obtained information. One is the individual extreme value,
that is, the optimal position found during the particle’s
own optimization process, and the other is the overall
extreme value, that is, the optimal position found within
the particle domain. According to the different compositions
of the particle domain, we divide the particle swarm optimi-
zation into a local version and a global version. The former is
composed of some particles, and the latter is the domain of
the entire population. There are two ways to compose neigh-
borhoods in the local version. One is to compose neighbor-
hoods by particles adjacent to the index number, and the
other is to compose neighborhoods by particles that are
adjacent in position. The topological structure of the particle
swarm refers to the neighborhood definition strategy of the
particle swarm optimization algorithm.

4.3. Adaptive Dynamic Probability Parasitic Immune Particle
Swarm Optimization Algorithm. The particle swarm optimi-
zation algorithm simulates the flight and predation behavior
of a flock of birds and uses the collective cooperation
between individuals in the flock to achieve the optimal goal
of the group. In the PSO algorithm model, each “particle”
is regarded as a candidate solution, and multiple particles
are used to search for optimization on the basis of coexis-
tence and cooperation. It will use its own “experience” and

the best “experience” of the particle swarm to find the opti-
mal solution. The mathematical model of the PSO algorithm
is expressed as follows.

Set the D-dimensional search space, and set the total
number of particles in the particle swarm as n. The position
of the i-th particle is represented as a vector Xi, the optimal
position of the i-th particle in the “flying” process. That is,
the solution corresponding to this position is the optimal
solution as Pi, and the optimal value in all Pi is set to Pg.
We use the vector vi to represent the position change rate
(velocity) of the i-th particle, and the position change of
the particle is carried out according to the following formula:

Vk+1 =wVk − c1r1 Pi,k − Xkð Þ − c2r2 Pg,k + Xk

� �
,

Xk+1 = Xk −Vk−1:
ð3Þ

Among them, the parameters c1 and c2 are normal num-
bers, called acceleration factors; the parameters r1 and r2 are
random numbers uniformly distributed between ð0, 1Þ; the
parameter w is an inherent inertia weight.

In this paper, the PSO algorithm with a compression fac-
tor is denoted as CPSO, and the following formula is used to
calculate the value of compression factor λ.

λ = 1‐φ‐
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
φ2 − 4φ

ph i‐1
: ð4Þ

We denote the constructed adaptive dynamic probability
parasitic immune particle swarm optimization algorithm as
PSOPI. The particles in the algorithm consist of two initial
populations: one is the parasitic group and the other is the
host group. When biological parasitic behavior occurs, the
parasitic group organisms absorb nutrients from the host
group. After the parasite invades the host, the host will
develop acquired immunity. In the algorithm, a parasitic
behavior occurs once between the parasitic group and the
host group at a certain number of iterations t. We sort the
particles of the two populations according to the fitness
value. Half of the particles with high fitness are classified
into the parasitic group, and the remaining half of the par-
ticles are classified into the host group. When the optimal
fitness value of the host group is less than the optimal fit-
ness of the parasitic group, the particles of the host group
are set to learn from the individual optimal host group,
the optimal host group, and the optimal parasitic group
particles at the same time; otherwise, the populations will
evolve independently.

In order to help the elite particles jump out of the local
extreme point and avoid the entire group falling into the
local extreme point due to the elite particles falling into
the local optimum, we adopt the elite learning mechanism
for the parasitic group, and the speed update formula is
as follows:

Vk+1 =w sgn Vk − c1r1 Pi,k − Xk

�� �� − c2r2 Pg,k − Xk

�� ��
+ c3r3Gauss −1, 1ð Þ Pi,kd − Xk

�� ��: ð5Þ
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Among them, w is an inherent inertia weight; sgn is a
sign function, and the flight direction is changed according
to the value of the random number r between ð0, 1Þ; c3 is a
random number between ð0, 1Þ; Gauss ð1, 0Þ is the Gauss-
ian distribution function; and Pi,kd is the d-dimensional
position of the optimal particle in the k-th iteration
population.

The host group adopts an artificial immune algorithm.
In order to solve the defect that the particle swarm algorithm
group tends to converge to one point and lose the diversity
of the population, each individual in the group implements
high-frequency mutation based on variable scale in the
neighborhood. Inspired by natural biological evolutionary
thoughts, we use a certain mutation probability in the algo-
rithm to balance population diversity and local search capa-
bilities. The strategy is to adopt a larger mutation scale in the
early stage of evolution and gradually reduce the mutation
scale in the later stage of evolution. The variation calculation
formula is as follows:

η tð Þ = 1 − ab
1 − t
T

� �
: ð6Þ

a takes a value between ð0, 1Þ, t is the current number of
evolutions, T is the total evolutionary algebra, and b takes
a value of 2.

Xk+1 = Xk − ηXkU −1, 1ð Þ, r > rm,
Xk+1 = Xk + ηXkU −1, 0ð Þ, r ≤ rm:

ð7Þ

r is a random number, Uð0, 1Þ is a uniform random
number, and rm is a constant of 0.5. In the early stage of
evolution, it can be realized to search in a larger mutation
space, and in the later stage of evolution, it can be realized
to perform a local search in a small space. The flow of the
PSOPI algorithm is shown in Figure 3.

5. Simulation Experiment and Analysis

5.1. Prescheduling Simulation of the Immune Inspection
Process. The inspection procedures (P1, P2, P3, P4, and
P5) of five different inspection items of a hospital’s immune
inspection task represent the information of each process of
each item. For example, if the item type is P1 and the process
data “30/1” with the process number 1, “30” means that the
process time of the process with the process number 1 of the
item P1 is 30, and the unit is seconds (s). “1” means that this
process needs to be processed by type 1 distributed immune
inspection equipment. The type of distributed immune
inspection equipment, the name of the corresponding dis-
tributed immune inspection equipment, and the number of
distributed immune inspection equipment are given in
Table 1.

The inspector inputs the five inspection items of P1, P2,
P3, P4, and P5 as a whole inspection task into the multiagent
system. At this time, the management agent first judges
whether the system can handle the inspection task, and if
so, the management agent sends the dispatch agent to the

dispatch agent. The scheduling agent starts to run the
ABC-TLBO prescheduling algorithm and the adaptive
dynamic probabilistic particle swarm algorithm scheduling
rule construction algorithm at the same time after obtaining
the detailed project information of the inspection task. The
two algorithms generate optimized inspection task presche-
duling schedule and dynamic scheduling rules, respectively.

The prescheduling time chart of the inspection project is
shown in Figure 4. This is the predispatch plan table gener-
ated by ABC-TLBO. The completion time (makespan) of the
predispatch plan is 1355 s. The prescheduling schedule is
better, which verifies the effectiveness of ABC-TLBO as an
immune inspection prescheduling algorithm.

According to the prescheduling schedule, the dispatch-
ing agent dispatches the processing procedures to the cor-
responding distributed immune inspection equipment
agent in turn to execute the immune inspection process.
If there is no dynamic event during the system inspection
process, this predispatching schedule will be executed until
all items are inspected. When a dynamic interference event
occurs, the prescheduling plan cannot continue to be exe-
cuted, and the system enters a dynamic scheduling state.
The scheduling rules obtained by the adaptive dynamic
probability particle swarm algorithm and the negotiation
based on the contract network are used for dynamic sched-
uling. Examples and simulation experiments are given
below for two types of dynamic events: emergency inspec-
tion task joining and distributed immune inspection equip-
ment failure.

5.2. Dynamic Scheduling Simulation of Emergency Task
Insertion. Assuming that there is a routine inspection task
fP1, P2, P4, P5g, the system first obtains the prescheduling
plan through the static scheduling algorithm. If an emer-
gency inspection task fP3g is entered in 150 seconds, the
system will use the scheduling rules and contract-based
negotiation to reschedule. You first cancel all inspection pro-
cedures that have not started in 150 seconds and then prior-
itize emergency arrangements in the inspection task fP3g.
After the project P3 arrangement is completed, the schedul-
ing rules and contract network agreement are used for mul-
tiagent negotiation and scheduling. When the distributed
immune inspection equipment agent receives the inspection
procedure sent by the scheduling agent, it will query
whether there is a free time slot in the inspection procedure
sequence to be processed that can be inserted into the pro-
cedure to insert the procedure. The system completes the
rescheduling arrangement in this way. Figure 5 shows the
rescheduling accuracy after the emergency task is inserted.
It can be seen from Figure 5 that the rescheduling accuracy
of the adaptive dynamic probabilistic particle swarm algo-
rithm is the highest.

We compare the scheduling rules constructed by HE-
GEP with seven commonly used scheduling rules for the
dynamic scheduling experiment of emergency task insertion.
The seven rules are FIFO, SPT, LPT, LNPT, LRM, LR, and
MOR. These rules take some parameters of the workpiece
as the priority of the workpiece and then schedule the pro-
cess according to the priority of the workpiece. There are a
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total of 20 emergency task insertion instances in the emer-
gency task insertion experiment. The multiagent system will
use the HE-GEP rule and other seven rules to reschedule the
20 emergency task insertion instances, respectively.

Under the indicator of the minimum completion time,
the overall performance of the HE-GEP rule in the 20 emer-
gency task insertion instances is better than that of the seven
rules of FIFO, SPT, LPT, LNPT, LRM, LR, and MOR. There-
fore, the scheduling rules obtained by using HE-GEP can
obtain a better rescheduling plan in the rescheduling when
the dynamic event inserted by the emergency task occurs.
In addition, among the seven commonly used rules, the
performance phenotype of the LRM rule is the best and
the performance of the FIFO and LR rules is also better.

5.3. Dynamic Scheduling Simulation of Subdistributed
Immune Inspection Equipment Failure. When analyzing the

failures of subdistributed immune inspection equipment,
this section only discusses the failure of parallel distributed
immune inspection equipment. Parallel distributed immune
inspection equipment includes incubation oscillators (5
units) and plate washers (2 units). When the distributed
immune inspection equipment fails, other subdistributed
immune inspection equipment with the same function can
replace the faulty distributed immune inspection equipment
to undertake the execution of the inspection process. How-
ever, the only subdistributed immune inspection equipment
such as sample loading arms, robotic arms, and detectors,
because of their irreplaceability, cannot generate a resche-
duling plan through the dynamic scheduling of the system
when a failure occurs. It needs to be handled by the user,
and the treatment measures for this kind of distributed
immune inspection equipment failure can only be to cancel
the task, so it will not be discussed here.

Here is an example of rescheduling for the third type of
distributed immune inspection equipment failure; that is,
when the subdistributed immune inspection equipment fails,
the inspection process is not being processed, but there are
inspection processes to be processed, and the faulty distrib-
uted immune inspection equipment is the parallel distrib-
uted immune inspection equipment. First, the dispatch
agent will retender the inspection process in the faulty dis-
tributed immune inspection equipment that has not yet
started. If there is a distributed immune inspection

Start

Initialization parameters,
parasitic group and host group,

k = 0

Calculate fitness

Determine the extreme value pbest
of two populations

Determine the overall optimal value
gbest

K < maxgen?

Update individual speed and
position

Parasitic swarms for elite
learning

Calculate fitness

Update pbest and gbest

Is the result higher than
the individual's historical

optimal value?

Parasitic behavior in the parasitic
group and the host group

The host group gains immunity through
high frequency mutations

End

Yes

Yes

No
No

Figure 3: PSOPI algorithm flow chart.

Table 1: Device information list.

Device type
number

Equipment name
Equipment
quantity

Device
ID

1
Incubation
oscillator

6 M32

2 Plate washer 1 M42

3 Robotic arm 3 M20

4 Detector 2 M50
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equipment agent, the bid will be successful. Here, the distrib-
uted immune inspection equipment M32 is successfully bid,
and the dispatching agent dispatches the inspection process
to the distributed immune inspection equipment M32 to
complete the rescheduling. The prescheduling complexity
of the inspection task is shown in Figure 6. It can be seen
that the complexity of the adaptive dynamic probabilistic
particle swarm algorithm is the lowest.

When t = 700 s, the M40 (plate washer) fails. In the same
way, the agent will be dispatched to bid for the inspection
process in the faulty distributed immune inspection equip-
ment that has not yet started. Here, the distributed immune
inspection equipment will be paralleled. There are inspec-
tion procedures to be processed on M41, so there is no
successful bidding for distributed immune inspection equip-
ment. At this time, a large-scale rescheduling is required.
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The system uses dynamic scheduling methods to reschedule
the unstarted inspection procedures and obtains the
rescheduled scheduling plan. Compared with the presche-
duling, the completion time of the rescheduling plan has
increased after the rescheduling of the distributed immune
inspection equipment. It can be seen from Figure 7 that
due to the failure of the M40 plate washer, the resources of
the plate washer in the immune inspection distributed
immune inspection equipment are scarce, and the inspection
project needs to wait for the resources of the plate washer,
which increases the overall completion time of the inspec-
tion task.

This section compares the rules constructed by the adap-
tive dynamic probabilistic particle swarm algorithm with
seven commonly used scheduling rules for subdistributed
immune inspection equipment failure dynamic scheduling
experiments. The subdistributed immune inspection equip-
ment failure experiment has a total of 20 distributed
immune inspection equipment failure dynamic scheduling
examples. The multiagent system will use the adaptive
dynamic probability particle swarm algorithm rule and other
seven rules to insert instances in 20 emergency tasks. Since
the incubation oscillator in the distributed immune test
equipment for immune inspection has 5 parallel distributed
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immune inspection equipment, in most cases, when a cer-
tain incubator oscillator fails, the dispatching agent can han-
dle the failure. The bidding for the unprocessed process of
the distributed immune inspection equipment was success-
ful, so in the 20 cases of failure of the distributed immune
inspection equipment, there were only 3 instances of the
incubation oscillator failure, and the remaining 17 were the
failure instances of the plate washer. The experimental
results are shown in Figure 8. The data is the completion
time (makespan) of each rule under each dynamic schedul-
ing instance.

It can be seen from Figure 8 that under the indicator of the
minimum completion time, the scheduling rules constructed
by the adaptive dynamic probability particle swarm algorithm
are better than those of the 20 subdistributed immune inspec-
tion equipment failure instances. Among the seven commonly
used rules, the performance of the FIFO rule is the best in the
subdistributed immune inspection equipment failure instance.
Therefore, in the subdistributed immune inspection equip-
ment failure example, the performance of the rules con-
structed by the adaptive dynamic probability particle swarm
algorithm performs best.

6. Conclusion

Considering the limited resources of sensor nodes and the
real-time requirements of target tracking, a sensor schedul-
ing algorithm based on minimum mean square estimation
error is proposed. This algorithm uses an election rule to
select task nodes in the cluster to achieve moving targets.
In the algorithm implementation process, the complex
tracking algorithm is decomposed into subtasks that can

run on the sensors in the cluster through the distributed
principle. This distributed algorithm can reduce the task
load of a single sensor and improve the response time of
the system. Based on the analysis of bacterial parasitic
behavior and biological immune mechanism, the basic idea
and implementation method of embedding adaptive
dynamic probabilistic parasitic immune mechanism into
particle swarm optimization algorithm are proposed, and a
particle swarm optimization algorithm based on adaptive
dynamic probabilistic parasitic immune mechanism is con-
structed. The parasitic group with strong parasitic ability
adopts the elite learning mechanism to improve the ability
of the algorithm to jump out of the local extreme value.
The host generates acquired immunity against the parasitic
behavior of the parasitic group and enhances the particle
diversity of the host population. Parasitic behavior occurs
when a given algebra is reached. A case simulation is carried
out for the immune inspection process scheduling. The
effectiveness of ABC-TLBO for immune inspection presche-
duling is verified. The rules constructed by the adaptive
dynamic probabilistic particle swarm optimization algo-
rithm and seven commonly used scheduling rules are used
in two common dynamic events: emergency task insertion
and subdistributed immune inspection equipment failure.
The experiment was compared and the experimental data
was analyzed. Under the indicator of the minimum comple-
tion time, the overall performance of the adaptive dynamic
probability particle swarm algorithm in the two types of
dynamic events is better than that of FIFO, SPT, LPT, LNPT,
LRM, LR, and MOR. On the whole, the multiagent system
proposed in this paper can realize the prereactive scheduling
of the immune inspection process. For the multisystem
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control data scheduling problem, some of the restrictions in
this article are strict. For example, it requires the controller
of each system to communicate with the system only once,
which is rarely applied in reality. Therefore, how to obtain
the optimal or suboptimal scheduling strategy under the
relaxation of these specific conditions is a problem worthy
of in-depth discussion. In addition, considering more gen-
eral control data scheduling problems is also the direction
of our future research.
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